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Abstract—In this letter, we consider a multicast system where a
single-antenna transmitter sends a common message to multiple
single-antenna users, aided by an intelligent reflecting surface
(IRS) equipped with N passive reflecting elements. Prior works
on IRS have mostly assumed the availability of channel state in-
formation (CSI) for designing its passive beamforming. However,
the acquisition of CSI requires substantial training overhead that
increases with N . In contrast, we propose in this letter a novel
random passive beamforming scheme, where the IRS performs
independent random reflection for Q ≥ 1 times in each channel
coherence interval without the need of CSI acquisition. For the
proposed scheme, we first derive a closed-form approximation of
the outage probability, based on which the optimal Q with best
outage performance can be efficiently obtained. Then, for the
purpose of comparison, we derive a lower bound of the outage
probability with traditional CSI-based passive beamforming.
Numerical results show that a small Q is preferred in the high-
outage regime (or with high rate target) and the optimal Q
becomes larger as the outage probability decreases (or as the rate
target decreases). Moreover, the proposed scheme significantly
outperforms the CSI-based passive beamforming scheme with
training overhead taken into consideration when N and/or the
number of users are large, thus offering a promising CSI-free
alternative to existing CSI-based schemes.
Index terms— Intelligent reflecting surface, multicast, ran-
dom passive beamforming, outage probability
I. INTRODUCTION
Intelligent reflecting surface (IRS) is a new emerging
paradigm for the fifth-generation (5G) and beyond wireless
communication networks [1]–[3]. Specifically, an IRS is able
to alter the wireless channel by shifting the phases of the
impinging signals via a large number of passive reflecting
elements, for enhancing desired signal power or suppressing
undesired interference. Being also cost-effective and energy-
efficient, IRS has received fast-growing research attention
recently. To maximize the performance gains brought by
IRS, it is of paramount importance to properly design the
IRS reflection coefficients, which is also termed as passive
beamforming. In the literature, passive beamforming design
has been studied under various system setups with different
performance metrics [4]–[12]. Particularly, the existing works
on IRS have mostly considered a “fully intelligent” reflecting
surface with the availability of full channel state information
(CSI) for all the IRS-associated links (see, e.g., [4]–[11]).
In practice, such CSI needs to be acquired in each channel
coherence interval by the transmitter/receiver at the cost of
channel training overhead and/or feedback complexity that
increases with the number of IRS reflecting elements, N ,
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Fig. 1: An IRS-aided multi-user multicast system.
which is prohibitive since N is typically very large for IRS
[7]. This inevitably results in delay and reduced throughput.
On the other hand, [12] has proposed a two-timescale passive
beamforming design based on the statistical CSI, which,
however, still requires estimating the channel statistics for
which the complexity increases with N .
To alleviate the CSI acquisition burden, we propose in this
letter a novel “random passive beamforming” scheme, where
the IRS only performs random reflection without the need
of knowing any CSI. Specifically, we consider an IRS-aided
multi-user multicast system, as illustrated in Fig. 1, where
a single-antenna base station (BS) aims to send a common
message to multiple single-antenna users within a local cluster,
aided by an IRS with N reflecting elements. In practice, the
IRS is usually deployed in the vicinity of either the BS or
the users to minimize its double path loss with them. In this
letter, we assume that the IRS is deployed in the vicinity
of the user cluster so as to smartly adjust itself to serve
this cluster without affecting other clusters. Each channel
coherence interval is divided into Q ≥ 1 “reflecting slots”,
and an independent random passive beamforming pattern is
applied in each slot. Note that different from the traditional
(active) random beamforming for broadcast systems where the
multi-antenna BS performs random beamforming to exploit
the multi-user channel diversity via CSI-based transmission
scheduling [13], we aim to smartly reshape the distribution of
all users’ channels aided by the IRS in a multicast system when
CSI is unavailable. Moreover, compared to the CSI-based
passive beamforming, the proposed scheme only requires
knowledge of the effective BS-user channel in each slot, hence
the training overhead scales with Q rather than N , which is
greatly reduced with Q≪N . However, it is yet unclear how
fast the channel should change to achieve the most desirable
distribution (i.e., finding the optimal value of Q), and how the
proposed random passive beamforming performs as compared
to the designed beamforming in the ideal case with perfect CSI
when considering the channel training overhead. To answer
these questions, we first analyze the outage probability of each
user under the proposed scheme. In particular, we derive an
accurate approximation for the outage probability in closed-
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Fig. 2: The proposed random passive beamforming scheme.
form, and draw useful insights into the selection of the optimal
Q. For comparison, we also provide a lower bound of the
outage probability with the CSI-based scheme. Numerical
results show that a small Q is optimal when the outage
probability is high (or the rate target is high), and the optimal
Q increases as the outage probability decreases (or as the rate
target decreases). Moreover, the proposed scheme achieves
significant performance gains over the CSI-based scheme with
training overhead when N and/or the number of users in the
system are large.
II. SYSTEM MODEL
We consider an IRS-aided multicast system shown in Fig. 1,
where a single-antenna BS aims to send a common message to
K ≥ 1 single-antenna users that are located within a cluster,
and an IRS consisting of N reflecting elements is deployed in
the vicinity of the user cluster to reflect the signals from the BS
to all users for enhancing the information multicasting perfor-
mance. Different from the existing works on CSI-based passive
beamforming, we propose a random passive beamforming
scheme with no CSI needed, where each channel coherence
interval is equally divided into Q ≥ 1 “reflecting slots”, where
Q ∈ Q = {1, ..., Qmax} with Qmax being the maximum
number of times for IRS reflection pattern change; and the IRS
reflects with a random set of coefficients over each time slot,
as illustrated in Fig. 2. Let Θq=diag{ejθ1,q , ejθ2,q , ..., ejθN,q}
denote the IRS reflection matrix at each qth reflecting slot,
q = 1, ..., Q, where θn,q ∈ [0, 2pi) represents the phase shift
at the nth reflecting element and is generated based on an
independent random variable (RV) uniformly distributed in
[0, 2pi). Let gk ∈ C denote the direct channel from the BS to
user k, hTk ∈ C1×N denote the channel vector from the IRS to
user k, and f ∈ CN×1 denote the channel vector from the BS
to the IRS. We assume that f follows the line-of-sight (LoS)
model specified in [5] by properly deploying the IRS, where
the channel from the BS to each IRS element has different
phase but same amplitude σf (i.e., |f1| = ... = |fN | = σf )
since the BS-IRS distance is generally much larger than
the IRS size. For the purpose of exposition, we present the
remaining channel models and achievable rate for one typical
user indexed by k¯ as follows, whose corresponding direct BS-
user channel and IRS-user channel are denoted by g = gk¯
and hT = hT
k¯
, respectively. Specifically, we consider a quasi-
static Rayleigh fading channel model for g and hT , where
they remain approximately static in each coherence interval,
but may change independently among different coherence
intervals; while in each coherence interval, g and each element
in hT are modeled as an independent circularly symmetric
complex Gaussian (CSCG) RV with average power σ2g and
σ2h, respectively, i.e., g ∼ CN (0, σ2g) and h ∼ CN (0, σ2hIN ).
At each qth reflecting slot, the received signal at the user
is the sum of the transmitted signal via the direct channel and
that via the IRS-reflected channel, which is given by
y =
√
P (g + hTΘqf)s+ z, q=1, ..., Q, (1)
where P denotes the average transmission power at the BS;
s ∼ CN (0, 1) denotes the transmitted symbol modeled by a
CSCG random variable with zero mean and unit variance; and
z ∼ CN (0, σ2z) denotes the CSCG noise at the user receiver
with average power σ2z . We assume that all users are able to
perfectly estimate the effective channel at each reflecting slot
(e.g., g+hTΘqf for the typical user) based on α ≥ 1 training
symbols sent by the BS.1 However, it is worth noting that each
user does not need knowledge of the individual channels (e.g.,
g, hT , and f for the typical user) in each channel coherence
interval, the acquisition of which requires training overhead
that scales with N [7]. Let L denote the total number of
symbols in each coherence interval.2 Thus, the fraction of time
for information transmission at each reflecting slot over the
entire channel coherence interval is 1Q (1 − αL/Q ) = 1Q − αL .
Therefore, the maximum achievable rate in each coherence
interval for the typical user can be expressed as
R =
(
1
Q
− α
L
) Q∑
q=1
log2
(
1 + γ|g + hTΘqf |2
)
, (2)
in bits per second per Hertz (bps/Hz), where γ=P/σ2z denotes
the reference SNR.
In this letter, we consider delay-limited communication and
thus focus on the analysis of outage probability to measure
the reliability of the typical user. The outage probability for a
given rate target τ (in bps/Hz) is defined as
Pout=P
{(
1
Q
−α
L
) Q∑
q=1
log2
(
1+γ|g + hTΘqf |2
)
<τ
}
. (3)
Note that there exists an interesting trade-off in Pout by
tuning the number of reflecting slots, Q: as Q increases, more
variation (fading) is introduced to the effective channel gain,
thus providing more chance to avoid severe outage since the
channels in deep fade are more likely to be averaged out; on
the other hand, more training time (i.e., αQ symbols) is needed
for estimating the channels over reflecting slots. Therefore, it
is generally unclear how we should set Q to minimize the
outage probability. In the rest of this letter, we analyze the
outage probability in (3) to draw insights into the optimal
choice of Q; moreover, we compare the outage performance
of the proposed scheme with the traditional CSI-based passive
beamforming scheme.
III. OUTAGE PROBABILITY ANALYSIS OF RANDOM
PASSIVE BEAMFORMING
In this section, we analyze the outage probability of the
proposed random passive beamforming scheme. Note that Pout
in (3) is determined by the joint distribution of the channel
1Note that all users have approximately the same received SNR level since
they are located closely within a cluster, thus requiring roughly the same
number of training symbols to achieve a given channel estimation accuracy.
2We assume that L/Q is an integer and L≫αQ in practice.
3coefficients in g and hT , as well as the random reflection
coefficients, {Θq}, which are coupled in a complicated man-
ner. Thus, it is generally difficult to obtain the exact closed-
form expression for Pout. Motivated by this and the practically
high signal-to-noise ratio (SNR) regimes that information
multicasting service typically operates in (for meeting the high
data rate requirements such as 4K video streaming), we focus
on the high-SNR regime with large γ and characterize the
corresponding asymptotic expression for Pout in the following.
Specifically, when γ is large, the element “1” inside the
logarithm of (3) can be omitted, thus Pout can be well-
approximated as
Pout≈P
{(
1
Q
−α
L
) Q∑
q=1
log2
(
γ|g+hTΘqf |2
)
<τ
}
∆
= P˜out.(4)
Moreover, P˜out can be further simplified as
P˜out=P
{ Q∏
q=1
|g+hTΘqf |2<2τ/
(
1
Q−
α
L
)
/γQ
}
. (5)
Notice from (5) that P˜out is critically dependent on V
∆
=∏Q
q=1 |g + hTΘqf |2, which is the product of Q correlated
exponential RVs. Thus, the exact distribution of V is generally
difficult to obtain. Nevertheless, we show below that such
correlation is negligible under certain practical conditions.
Lemma 1: With N ≫ σ2g/(σ2hσ2f ), the channel gains at
different reflecting slots, |g+hTΘqf |2, q = 1, ..., Q, can be
approximated as independent exponential RVs.
Proof: First, it can be easily shown thatXq
∆
=g+hTΘqf ’s
are identically distributed Gaussian RVs with common mean
E[Xq] = 0 and variance Var[Xq] = σ
2
g + Nσ
2
hσ
2
f , ∀q. The
Pearson product-moment correlation coefficient between any
two Xq1 and Xq2 with q1 6= q2 can be thus obtained as
ρq1,q2 =E[(Xq1−E[Xq1 ])(Xq2−E[Xq2 ])∗]/
√
Var[Xq1 ]Var[Xq2 ]
=
σ2g+σ
2
hσ
2
f
∑N
n=1 E[e
jθn,q1 ]E[e−jθn,q2 ]
σ2g +Nσ
2
hσ
2
f
=
σ2g
σ2g+Nσ
2
hσ
2
f
, (6)
where E[ejθn,q ] = 0, ∀n, ∀q holds since θn,q is uniformly
distributed in [0, 2pi). Based on (6), when N ≫ σ2g/(σ2hσ2f )
or equivalently σ2g ≪ Nσ2hσ2f holds, i.e., the reflected channel
power is much larger than the direct channel power, we have
ρq1,q2 ≈ 0. This thus indicates that Xq’s are independent
Gaussian RVs, and consequently |Xq|2’s are independent
exponential RVs. 
Note that the intuition behind Lemma 1 lies in the fact that
the reflected channels hTΘqf ’s at different reflecting slots are
independent of each other regardless of the values of N and
Q, due to the independent passive beamformers Θq’s. Thus,
when N is sufficiently large such that the reflected channel
becomes the dominant path, the overall channelsXq’s will also
be approximately independent. By leveraging the results in
Lemma 1, a closed-form approximation of P˜out can be obtained
as follows.
Theorem 1: With N ≫ σ2g/(σ2hσ2f ), P˜out can be well
approximated as
P˜out≈GQ 11Q + 1
(
2τ/
(
1
Q−
α
L
)
/(γλ)Q
∣∣∣∣ 11TQ, 0
)
, (7)
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Fig. 3: PDF of the achievable rate R.
where λ=σ2g+Nσ
2
hσ
2
f ; G
mn
p q
(
x
∣∣∣∣ a1, ..., apb1, ...bq
)
represents the
Meijer G-function [14, 9.301]; and 1TQ is an all-one row vector
with length Q.
Proof: According to Lemma 1, with N ≫ σ2g/(σ2hσ2f ),
V =
∏Q
q=1 |Xq|2 can be approximately regarded as the
product of Q independent and identically distributed (i.i.d.)
exponential RVs each with mean λ, whose probability density
function (PDF) is characterized as fV (v) ≈ GQ 00Q
(
x
λQ
∣∣∣∣0
)
[15]. Based on this, P˜out in (5) can be expressed as P˜out =∫ 2τ/( 1Q−αL )/γQ
0 fV (v)dv. The results in Theorem 1 thus fol-
lows by applying the integration relationship in [14, Eq.
7.811.2]. 
The expression of P˜out in Theorem 1 is complicated since it
involves the Meijer G-function, based on which the impact of
Q is difficult to analyze. Nevertheless, the closed-form nature
of P˜out enables efficient search for the optimal Q, since Q
is an integer with a finite feasible set Q. Specifically, based
on the system parameters (i.e., P , N , L, α, τ and λ), 3
the BS can compute the approximate outage probability P˜out
corresponding to every feasible value of Q ∈ Q through (7),
and select the optimal Q denoted by Q˜⋆ with the lowest P˜out.
The value of Q˜⋆ is then sent to the IRS for performing random
passive beamforming. In Section V, we will numerically
verify the accuracy of the approximation of the exact outage
probability Pout with P˜out, as well as that of the optimal Q
that minimizes Pout with Q˜
⋆.
Furthermore, to obtain more intuitive insights into the
impact of Q on the exact outage probability Pout, we show in
Fig. 3 the PDF of the exact achievable rate R with different
values of Q.4 It can be observed that as Q increases, both the
mean and variance of R are reduced. As such, to minimize the
outage probability Pout, a small Q is desirable when the rate
target is high (corresponding to the high-outage or low-SNR
regime), while a large Q is desirable when the rate target is
low (corresponding to the low-outage or high-SNR regime). In
addition, we also show in Fig. 3 the PDF of R with different
numbers of IRS reflecting elements, N . It is observed that as
N increases, the PDF of R moves right. This suggests that
the outage probability Pout generally decreases with N , due
3Note that these parameters can be obtained a priori at the BS, e.g., through
control/feedback links from the IRS (e.g., N ) or users (e.g., λ).
4We set P = 20 dBm for this numerical example, and other parameters
will be given later in Section V.
4to stronger effective channel.
IV. CSI-BASED MULTICAST BEAMFORMING
In this section, we introduce a CSI-based passive beamform-
ing scheme for comparison with our proposed scheme. Note
that the IRS reflection coefficient design only depends on the
direct channel and cascaded IRS-reflected channels for the K
users (i.e., fkhkn’s). Thus, we assume that the BS sends a
training sequence to all K users, based on which each user
estimates its direct channel and cascaded reflected channels
(i.e., gk and fkhkn’s) and feeds them back to the BS. The
required number of training symbols for estimating theseN+1
complex channel coefficients generally scales with N [7], and
for fair comparison we assume that α(N + 1) symbols (with
the same training overhead α as the proposed random passive
beamforming scheme) suffice for perfect CSI estimation; while
the feedback time overhead/delay is omitted for simplicity.5
Therefore, the maximum fraction of time for information
transmission over each coherence interval is
(
1− α(N+1)L
)
.
Based on the obtained CSI, the BS designs the passive
beamformer Θ to minimize the maximum outage probability
among the K users. For any given rate target τ , the outage
probability at the kth user is given by6
Pout,k=P
{(
1−α(N+1)
L
)
log2
(
1+γ|gk+hTkΘf |2
)
<τ
}
. (8)
Thus, the optimization problem is formulated as
(P1) max
Θ:|[Θ]n,n|=1,∀n
min
k
|gk + hTkΘf |2. (9)
Note that (P1) is similar to the constant envelope precoding
optimization problem for multicasting systems [16], thus the
similar semi-definite relaxation (SDR) based algorithm pro-
posed in [16] can be applied for finding both an upper bound
of the optimal value of (P1) and a suboptimal solution to (P1),
which corresponds to a lower and upper bound of the worst-
case outage probability of the CSI-based scheme, respectively.
Due to limited space, we omit the details for brevity.
Note that since N is practically very large, the training
overhead of the CSI-based scheme is generally much larger
compared to our proposed scheme; while on the other hand,
the CSI-based passive beamforming design is anticipated
to outperform the random passive beamforming due to the
exploitation of CSI. Hence, whether or not this benchmark
scheme will outperform the proposed scheme remains un-
known. To answer this question, we compare the outage
performance of the CSI-based scheme with our proposed
scheme by simulation in the next section.
V. NUMERICAL RESULTS
In this section, we provide numerical results to validate
our analysis. The distance-dependent path loss for each link
5On the other hand, the CSI can also be obtained through reverse-link
channel training by letting the users send training sequences to the BS without
the need of feedback. However, the required training time generally scales
with K(N + 1), which will lead to worse outage performance compared to
the forward-link channel training considered above.
6Note that the channel training overhead can be reduced by grouping M
adjacent IRS elements as one effective element [7]. With N¯ = N/M denoting
the total number of effective elements, the corresponding outage probability is
given by (8) with N substituted by N¯ and Θ by an N¯ × N¯ diagonal matrix.
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is modeled as σ2i = σ
2
0(di/d0)
−αi , i ∈ {g, f, h}, where
σ20 = −30 dB denotes the reference path loss at d0 = 1 m,
di and αi denote the distance and path loss exponent of each
link. We assume that the BS and IRS are located on a three-
dimensional plane with coordinates [0, 0, 2] m and [100, 0, 2]
m, respectively. The typical user is located at height 1 m right
below the IRS. Thus, we have df =100 m, dg ≈ 100 m, and
dh = 1 m. We further set αg = 3.5, αf = 2, and αh = 2.5.
The average noise power is set as σ2z=−90 dBm. In addition,
we set the total number of symbols in each coherence interval
as L = 1000 and the number of training symbols used for
estimating one channel coefficient as α= 20. The maximum
value of Q is set as Qmax = 8.
First, we focus on the typical user and plot in Fig. 4 both the
accurate outage probability Pout and its approximation P˜out
versus the transmit power P with rate target τ=6 bps/Hz and
N = 300. It can be observed that the approximation of Pout
with P˜out is already tight for all values of P and Q when
N = 300, which indicates that the approximation proposed in
Theorem 1 is accurate. Moreover, it can be observed that the
optimal value of Q varies with the value of P .
To further investigate the optimal Q with different system
parameters, we show in Fig. 5 the outage probability versus Q
with different values of N , P , and τ . The optimal Q for curves
li, i = 1, 2, 3, 4, is denoted as Q
⋆
i . It can be clearly observed
that the outage probability generally first decreases and then
increases as Q becomes larger, thus validating the trade-off
between increased training overhead and enhanced channel
diversity in the overall outage performance. In addition, it is
observed that the optimal Q increases with N and transmit
power P , but decreases with the rate target τ . In Fig. 6, we
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further show the optimal Q versus P with different values of
N , τ , and L. It can be observed that the outage probability
is minimized by setting Q=1 in the low-SNR regime (with
high outage probability); while in the moderate-SNR regime,
the optimal Q increases with the SNR, until it reaches the
maximum value Qmax = 8, which are consistent with our
analysis in Section III. In addition, it is more clearly observed
that the optimal Q increases with N , but decreases with the
number of symbols in each coherence interval, L, and the
target rate τ . The above results indicate that the IRS should
properly adjust the times of random reflection, Q, in practice.
Finally, in Fig. 7, we compare the the maximum (worst-
case) outage probability in the system with our proposed
scheme versus the lower bound of that with the CSI-based
passive beamforming scheme proposed in Section IV. To
reduce the training overhead of the CSI-based scheme, we
group M = 8 IRS elements as an effective element and
perform corresponding beamforming design [7]. In addition,
we set P = 31 dBm, Q = 4, τ = 5 bps/Hz, and K users
randomly distribute on a circle with radius 5 m centered at the
IRS. It is observed that increasing the number of users has little
effect on the outage performance of the proposed scheme due
to the similar BS-user distances, but significantly deteriorates
that of the CSI-based scheme since the efficacy of passive
beamforming degrades when more users need to be catered
for. Moreover, it is observed that the outage probability of
the proposed random passive beamforming scheme decreases
monotonically as N increases; while the outage probability for
the CSI-based scheme first decreases and then increases with
N , since a larger N results in enhanced beamforming gain
but increased training overhead as well. Particularly, when N
becomes large, the performance of the CSI-based scheme is
dominated by the training overhead, and our proposed scheme
achieves significantly improved performance. The above re-
sults indicate that the proposed random passive beamforming
is particularly favorable for the practical scenario with large
number of reflecting elements, N , and/or large number of
users, K .
VI. CONCLUSIONS
In this letter, we proposed a novel random passive beam-
forming scheme for an IRS-aided multi-user multicast system,
where the IRS reflection pattern is randomly changed for Q
times in each channel coherence interval without the need
of CSI acquisition. For the proposed scheme, we derived a
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Fig. 7: Comparison of the proposed scheme with the
benchmark scheme.
closed-form approximate expression for its outage probability
in the high-SNR regime, based on which the optimal Q can be
efficiently obtained. Numerical results validated the accuracy
of our approximation of the outage probability. Moreover, it
was revealed that a small Q is suitable in the high-outage
regime, while a larger Q is preferred as the outage probability
decreases. Furthermore, the proposed scheme also outperforms
the traditional CSI-based passive beamforming scheme, es-
pecially when the number of IRS reflecting elements and/or
users are large, which validates the practical usefulness of the
proposed random passive beamforming scheme.
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